We propose an active learning framework for sequence labeling tasks. In each iteration, a set of subsequences are selected and manually labeled, while the other parts of sequences are left unannotated. The learning will stop automatically when the training data between consecutive iterations does not significantly change. We evaluate the proposed framework on chunking and named entity recognition data provided by CoNLL. Experimental results show that we succeed in obtaining the supervised F 1 only with 6.98%, and 7.01% of tokens being annotated, respectively.
the unlabeled data has the same structure as the labeled data. Hence, we can propagate the knowledge from the labeled set to the unlabeled set. Self-taught learning (Raina et al. 2007) starts learning the general concept from unlabeled data, and refine the concept to the specific task using labeled data. (Suzuki and Isozaki 2008) separated the model parameters for labeled and unlabeled data, and estimate both types of parameters simultaneously. (Dasgupta and Ng 2009) proposed to label only ambiguous samples and automatically label easy samples.
Using partially labeled data is another kind of semi-supervised learning approaches. Partially labeled data is obtained easier than fully labeled data in many situations. We can train a classifier on partially labeled sequences by predicting the labels of unlabeled tokens (Tomanek and Hahn 2009) , propagating the label information from labeled to unlabeled tokens (Culotta and McCallum 2005) , or implicitly estimating the labels in the training process (Bellare and McCallum 2007; Tsuboi et al. 2008 ). Another approach is to simplify the training into the point-wise learning, by neglecting the dependencies among output labels (Neubig and Mori 2010) .
Apart from the semi-supervised learning, active learning paradigm is proposed to reduce the annotation cost from the passive learning by elaborately selecting highly informative samples for the training. (Settles and Craven 2008 ) have compared several active learning strategies for fully supervised sequence labeling tasks . Active learning is also used in combination with semisupervised learning methods in order to reduce the annotation cost (Tomanek and Hahn 2009; Dasgupta and Ng 2009). 3 Conditional random fields (CRFs)
Conventional conditional random fields
The objective of the sequence labeling task is to find an output label sequence y ∈ Y : (y 1 , ..., y T ) of the given input sequence x ∈ X : (x 1 , ..., x T ). X and Y is the set of all possible input and the corresponding output sequences, respectively. T is the length of the sequence. We employ the conditional random fields (Lafferty et al. 2001) to model the probability of y, given 
We have discussed that an output label, y, depends on both the input and the output tokens.
Hence, our feature function Φ(x, y) : X × Y is a mapping from both input and output to a real value. Suppose that we have d features, and Φ = (Φ 1 , ..., Φ d ) is our feature vector. θ is the (x,y) .
Let α j be the probability of the prefix sequence to position j, called the forward probability:
Let β j be the probability of the suffix sequence from position j, called the backward probability:
p t (y , y ) is the transition probability from label y to label y . p s (y ) is the output probability of label y . After calculating all α j , β j , we can efficiently compute
where Y 1 is all possible labels of y 1 .
In order to estimate θ, we will maximize the following log likelihood function:
N is the number of sequences in the training set. x (n) and y (n) are the n th input sequence and the Viterbi output sequence of x (n) , respectively. We can apply standard optimization techniques such as L-BFGS (Liu and Nocedal 1989) or SGD (Vishwanathan et al. 2006 ) to the objective function in (2).
Conditional random fields for partially labeled sequences
The conventional method described in section 3.1 requires the whole sequence to be labeled in order to compute the sequence probability using (1). We need to re-define the sequence probability if the sequence is only partially labeled. Given a partially or ambiguously labeled sequence L, let Y L be the set of all possible output sequences consistent with L. We follow (Bellare and McCallum 2007; Tsuboi et al. 2008) to estimate the probability of Y L given x by
Using (3), the log likelihood in (2) is modified to
Y L (n) is the set of all possible output sequences of
can be computed by the same algorithm used for Z θ,x,Y . We then apply the standard optimization techniques to (4) as done to (2).
Proposed framework
Our active learning framework is shown in Fig. 1 . The framework consists of 2 main parts, 
Query strategy
The key of active learning is the query strategy which should select good samples for training.
Firstly, we will define the sample and its informativeness. We have discussed in the introduction that we can partially label a sequence. Since a token is the smallest subsequence unit, we will treat each token as our sample. Then, we will search for informative tokens, in contrast to the conventional active learning which treats the whole sequence as a sample and search for informative sequences.
In each iteration, a tagger can predict the output of each token with different confidence level.
We define the prediction confidence of each token by its marginal probability:
where α and β are the forward and backward probabilities defined in section 3. Since a sequence can have several possible output sequences, the marginal probability of a token depends on the choice of the output sequence. In order to compare the prediction confidence of tokens between sequences, we choose the prediction confidence based on the most likely output sequences defined by the Viterbi sequence:ŷ = arg max
When the prediction confidence of a token is less than the predefined threshold, it indicates that the token may contain crucial information which is not previously known to the tagger.
Hence, we define such a token to be informative, and ask a human annotator to label the token.
In each iteration, we search for q tokens which are the most informative, and update their labels with human annotation. Although we search for tokens, we provide the informative tokens with their context, i.e. the whole sequences, to a human annotator since context is necessary for the labeling. A sequence may be selected several times. Such a sequence will have several labeled tokens.
We train the tagger in each iteration using CRFs defined in section 3. The training set contains both fully labeled, partially labeled, and unlabeled sequences. However, our CRFs parameter estimation cannot benefit from the unlabeled sequences. On the contrary, adding unlabeled sequences will slow the optimization process. Hence, we just train the tagger using the fully and partially labeled sequences. 
Stopping criteria
Since we search for informative tokens, we can stop the learning if we cannot find more informative tokens in the training set. However, adding few new labeled tokens to the training set does not help improving the F 1 but just wasting the training time of the tagger.
In the query process, we use the tagger to predict the output of all tokens in the whole training set. Let the predicted output of the whole training set at iteration t be S t . If there are few differences between the predicted labels of the consecutive iterations (i.e. S t and S t+1 ),
we can stop the learning. We measure the difference of predicted sets using Kappa statistics (Bloodgood and Vijay-Shanker 2009) . From our experiment, standard κ threshold at 0.99 makes the learning stop so early that the system cannot achieve high F 1 . In this paper, we regard the datasets as similar when κ(S t , S t+1 ) > 0.9999. However, the difference of the predicted training sets may be small if the query size is small. We also add the condition that the number of informative tokens must be less than the query size in order to stop the learning.
Experiments and results

Data
We conducted experiments on chunking task using CoNLL-2000 dataset (Tjong Kim Sang and Buchholz 2000), and named entity recognition task using CoNLL-2003 dataset (Tjong Kim Sang and De Meulder 2003) . We summarize the statistics of each dataset in Table 1 .
Both tasks are formulated as a sequence labeling task. A token in a sequence refers to a word, while the sequence itself refers to a sentence. The label of each token is either B egin-Chunk, I nside-Chunk or Outside chunk, e.g. B -NP is the beginning token of an NP chunk. For the named Information and Media Technologies 6(3): 680-700 (2011) reprinted from: Journal of Natural Language Processing 18(2): 153-173 (2011) © The Association for Natural Language Processing entity recognition task, a chunk is a named entity chunk, e.g. PERSON, ORGANIZATION.
We analyzed the result using CoNLL-2000 chunking dataset but simplified the task to noun phrase (NP) chunking. For the NP chunking task, we have 3 types of label, B -NP, I -NP, and O. Fig. 2 shows an example of NP chunking formulated as a sequence labeling task.
The feature templates for each data set are shown in Table 2 . Each template is shown in a bracket. w i and lw i are the word and its lowercase at position i in a sentence. p i is the part-ofspeech (POS) of w i , which is provided in the dataset. c i is a chunk type, e.g. NP chunk. wtp is the word type described in 
Information and Media Technologies 6(3): 680-700 (2011) reprinted from: Journal of Natural Language Processing 18(2): 153-173 (2011) © The Association for Natural Language Processing 688 
Evalution
Our goal is to achieve the supervised F 1 at the smallest annotation cost. F 1 is calculated using CoNLL evaluation (Tjong Kim Sang and Buchholz 2000). We claim that we achieve the supervised F 1 if the predicted output is not significantly different from the supervised prediction in McNemar test (Gillick and Cox 1989) . We measure the annotation cost in 2 aspects; the number of manually labeled tokens, and the time required in the whole training (excluding the human annotation) 1 .
Initial set
The conventional active learning usually validates the result among several random initial sets since the training is sensitive to the initial set. We compared the initial set of short sequences, long sequences and random sequences in Fig. 3 . Each initial set consists of 50 sequences. The confidence threshold is set to 0.99. All tokens with the prediction confidence less than the threshold are informative. The top 500 informative tokens are selected and manually labeled in each iteration of active learning. The result in Fig. 3 shows that the initial set with long sequences clearly converges with fewer labeled tokens than the other sets, while requires similar training time. We discuss that long sequences contain more information than short sequences.
The model trained on these long sequences is more accurate and more reliable than the model trained on short sequences. Although a long and complex sequence may require long annotation time, the heuristic is applied only in the initial step. The sampling in the other steps is according to the query strategy of active learning, and the whole number of labeled tokens of using long initial set is less than when using the other initial sets. Hence, we will use 50 longest sequences as our initial set in all of the following experiments. Note that there may be more sophisticated models which are more efficient than the heuristic tested in this work. We leave the task to find the best initial set to future work.
Baseline systems
In this section, we will compare several iterative and non-iterative baselines.
[Sup]: The first baseline is a simple supervised system trained on the whole training set. The
is the upper-bound of all systems.
[Pointwise]: (Neubig and Mori 2010) proposed a point-wise training framework in the domain adaptation task, which neglects the dependencies among the output labels. Since we will compare each method on a single domain, we train a point-wise system in supervised manner.
Specifically, we use all features in Table 2 except the transition feature. The supervised point-wise system is the upper bound accuracy of a point-wise active learning system.
[Partial]: The last non-iterative baseline is the system trained on partially labeled data. We calculate the confidence score of each unlabeled tokens using the model trained on the initial set.
All tokens with confidence less than δ are manually labeled. The other tokens are left unlabeled.
The comparison between non-iterative baselines is shown in the first half of even though it requires less number of labeled tokens, but its best F 1 is still significantly lower than the supervised upper bound.
The following experiment is the comparison among the iterative baselines. All iterative systems sample 500 sequences with low Viterbi score (defined in (6)) in each iteration. These iterative baselines are sequence-based sampling in contrast to the token-based sampling of the proposed framework. The token in each sampled sequence is informative if its score (defined in (5)) is less than the confidence threshold, δ. We set δ to 0.99. [Tomanek09]: The second semi-supervised active learning baseline is the system proposed in (Tomanek and Hahn 2009) . In each sampled sentence, the low confidence tokens are manually labeled, while the high confidence tokens are automatically labeled by the model prediction.
[Wanvarie10]: The last semi-supervised active learning baseline is proposed in (Wanvarie et al. 2010) . The system is similar to [Tomanek09] except that the high confidence tokens are left unlabeled instead of being labeled by the model prediction. They implicitly estimate those labels in the training set using the method described in (Tsuboi et al. 2008 ). Among the three learning curves in the middle of the graph on the left of Fig. 4 The graph on the right of Fig. 4 shows the training time of each baseline. The training with few labeled tokens tends to require less training time. We will discuss on the training time later in section 5.7.
Finally, we compare the achievement of active and batch sampling baselines in Table 4 . In the terms of manually labeled tokens, active sampling methods clearly require few labeled tokens and achieve higher F 1 . Since the model becomes more certain in late iterations, we need to label few new tokens but still achieve high F 1 . However, the iterative methods have a drawback in the training time since we have to re-estimate the model parameters in every iteration. 
Effect of the query size
We can save the annotation cost in terms of labeled tokens by selecting only few highly informative tokens in each iteration. However, a certain number of tokens are necessary to achieve the certain level of F 1 . If the query size is small, we have to do several iterations to obtain sufficient number of labeled tokens, and we have to spend more time on the training of the taggers. Since the CRFs training is the most time consuming process in the framework, it is not practical to re-train the taggers several times. The query size setting controls the trade-off between the number of manually labeled tokens and the time required in the training.
We compare the query size settings varied from 50, 500, to 1000 sequences per iteration. The confidence threshold is set to 0.99. The result is shown in Fig. 5 .
The large query size setting clearly reduces the whole training time, but slightly requires more labeled tokens. Note that we did not count the actual time spent by the annotator. Large query setting usually requires more time for an annotator to label the queried set. Nevertheless, we believe that labeling a single token will not take long time. We set the query size to 500 tokens per iteration in all of the following experiments. In other words, at most 500 sequences are presented to the annotator at each iteration.
Effect of the confidence threshold
With high confidence threshold settings, the model becomes more reliable with the tradeoff of the human annotation cost. From the result in Fig. 6 , the system with low threshold, δ = 0.60, requires few manually labeled tokens but stops early before achieving the supervised F 1 . We argue that the number of labeled tokens is insufficient, and the model trained on this training set produces many errors. In contrast, with the high threshold, δ = 0.90 and 0.99, the systems require more labeled tokens than the system with low threshold setting, but achieve the supervised F 1 level.
F 1 and the annotation cost
We compare the annotation cost and F 1 of the proposed framework and the baselines in Fig. 7 and requires much less number of manually tokens, and still achieves the supervised F 1 . Although the achieved F 1 of the three systems are not the same, the difference is not statistically significant.
[Proposed] with δ = 0.90 requires comparable computational time to [FuSAL] , but requires much less labeled tokens in order to achieve the supervised F 1 .
The training time of a single iteration depends on two factors; the data size and the complexity of label distribution. The data size is the number of tokens in the training set, both labeled and unlabeled tokens. The data size does matter since the optimization of CRFs will verify the current parameter settings on each sample in the dataset. Hence, a large training set requires more training time than a small training set. With the same data size, the training set with complex label distribution tends to require more time than the simple training set. The complexity of the distribution depends on the number of manually labeled tokens. Therefore, the training set with fully labeled sequences requires more training time than the partially labeled training set.
In [Proposed], we have to label some sequences more than once, i.e. labeling more than a token in the sequence. With δ = 0.90, 51.75% of the training sequences are informative. Among the informative sequences, 61.57% of sequences have only a single labeled token. The other sequences are uninformative, and never be selected. We conclude that our strategy can efficiently select informative tokens to reduce the annotation cost, while maintaining the supervised F 1 . 
Result on chunking and named entity recognition
Finally, we conducted experiments on the chunking and the named entity recognition tasks. Fig. 8 and Fig. 9 show that the proposed algorithm consistently outperforms all baselines in both datasets. The F 1 of the proposed framework also reaches the supervised F 1 with less manually labeled tokens. Although the final F 1 of [Proposed] with threshold at 0.99 is slightly higher than the F 1 of the same method with threshold at 0.90, the prediction results from both systems are not statistically significantly different from the supervised F 1 . Table 6 summarizes the annotation cost and F 1 achievement of the proposed framework and the baseline systems. We can reduce the annotation cost in terms of labeled tokens to only 6.98%
in CoNLL chunking, and 7.01% in CoNLL named entity recognition task. Similar to the result on NP chunking task, not all of the sequences are informative, and half of these informative sequences have only a single labeled token. The result confirms our intuition that we do not need to label the whole sequences. However, the proposed framework needs twice more training time than [FuSAL] systems. In contrast to the result in NP chunking task, chunking and named entity recognition tasks have much more types of labels, which makes the label distribution complex.
Thus, both tasks require more computational time than NP chunking.
Conclusion and future work
We have proposed a semi-supervised active learning framework which requires less manually labeled tokens to achieve the supervised F 1 . The key of our framework is the token sampling and labeling which can both reduce the annotation cost and recover the prediction errors from previous iterations.
Since the actual annotation cost of all tokens may not be equal, we can directly incorporate a more realistic cost model such as (Tomanek et al. 2010) , which can represent the actual human annotation time, to our query strategy. Our framework is not limited to the sequence labeling task. We are planning to extend our work to a general structured prediction task. Moreover, we can also employ other learning algorithms apart from the CRFs tagger. However, we need to re-define the prediction confidence. 
